Reaction time (RT) variability on a Stop Signal task was examined among children with attention deficit hyperactivity disorder (ADHD) symptoms and/or dyslexia in comparison to typically developing (TD) controls. Children's go-trial RTs were analyzed using a novel ex-Gaussian method. Children with ADHD symptoms had increased variability in the fast but not the slow portions of their RT distributions compared to those without ADHD symptoms. The RT distributions of children with dyslexia were similar to those of TD-controls. It is argued that variability in responding may be underpinned by impairments in response preparation or timing during Stop Signal tasks.
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GOOCH, SNOWLING, HULME dyslexia has been interpreted as evidence for the shared etiology hypothesis-that the frequent co-morbidity between ADHD and dyslexia is due to shared risk factors (De Jong, Oosterlaan, & Sergeant, 2006) .
The Stop Signal task (Logan, 1994) has been widely used as a measure of the ability to inhibit prepotent and ongoing responses in the ADHD literature (see Willcutt, Doyle, Nigg, Faraone, & Pennington, 2005b , for a review). Like other measures used to index the construct of behavioral inhibition (e.g. the Go/No-Go task) the Stop Signal task involves responding to a primary go-stimulus (e.g., a choice reaction time task) and intermittently withholding a response when presented with a less frequent (usually ∼25% of trials) secondary stop-stimulus (e.g., an auditory or visual cue) which follows the go-stimulus with fixed or variable stimulus-onset asynchronies (the stop-signal delay (SSD)) (see Logan, 1994; Logan, Schachar, & Tannock, 1997) . Mean reaction time (MRT) to the go-stimulus is recorded and stop signal reaction time (SSRT), an index of inhibitory control, is typically calculated by subtracting the SSD from MRT (Logan et al., 1997) .
Research using the Stop Signal task to examine inhibition in ADHD has generally used conventional data analytic approaches based on comparing MRTs and SSRTs of children with and without ADHD. In addition to having longer SSRTs than children without ADHD (see Alderson, Rapport, & Kofler, 2007; Lijffijt, Kenemans, Verbaten, & Engeland, 2005; Oosterlaan, Logan & Sergeant, 1998 for reviews), children with ADHD have been found to be slower (longer MRTs) and more variable (greater standard deviation of reaction times (SDRT)) in their response to go-trials in the Stop Signal paradigm (Alderson et al., 2007; Kunsti, Oosterlaan, & Stevenson, 2001; Lijffijt et al., 2005; Oosterlaan et al., 1998) ; a finding that has been replicated in children with dyslexia (Willcutt et al., 2005a) . Together, findings such as these have led to a debate as to whether long SSRTs, characteristic of children with ADHD, reflect slow inhibitory processing or whether they are a consequence of slower and/or more variable reaction times (RTs) on the Stop Signal task go-trials (Alderson et al., 2007; Alderson, Rapport, Sarver & Kofler, 2008; Liddle et al., 2009) . Indeed, slower and more variable RTs have been found to be characteristic of ADHD responding on a number of different tasks (e.g., Alderson et al., 2007; Castellanos et al., 2005; Epstein et al., 2011; Johnson et al., 2007; Klein, Wendling, Huettner, Ruder, & Peper, 2006; Leth-Steenson, King Elbaz, & Douglas, 2000; Lijffijt et al., 2005; Oosterlaan et al., 1998) and intra-individual variability has been put forward as a candidate endophenotype of ADHD (Castellanos & Tannock, 2002; Doyle et al., 2005) .
Investigating group differences in responding on the Stop Signal task in terms of MRTs and SDRTs (a measure of intra-individual variability) yields interesting findings. However, there is increasing recognition that details of the distributions of RTs can potentially be very informative about the nature of underlying mechanisms (Heathcote, Popiel, & Mewhort, 1991; Ratcliff & Murdock 1976 ). There are a number of possible reasons for the differences in response patterns between participants with and without ADHD on Stop Signal tasks: (1) The RT distributions of children with ADHD may have a similar shape but a higher mean than those of controlsindicative of generally slower responding; (2) The RT distributions of children with ADHD might be characterized by a larger skew, indicating more long responses falling within the tail of the distribution, but with a similar mean value; and (3) The RT distributions of children with ADHD may be more variable overall indicating a larger spread of responses around the mean, but with a similar mean value.
EX-GAUSSIAN ANALYSIS
Luce (1986) suggests that the ex-Gaussian model provides a good method for describing RT distributions. An ex-Gaussian (Figure 1, c) is formed from the mathematical combination (convolution) of a normal (or Gaussian) distribution (Figure 1, a) and an exponential distribution (Figure 1, b) . The exponential function accounts for the positive skew observable in RT distributions. The ex-Gaussian has been found to provide a good fit to RT data from a number of different paradigms (Heathcote et al., 1991; Hockley, 1984; Mewhort, Braun, & Heathcote, 1992; Ratcliff, 1979) .
Estimates of three parameters, μ (mu), σ (sigma), and τ (tau), are obtained from fitting an ex-Gaussian distribution to RT data: mu and sigma represent the mean and standard deviation of the Gaussian component of the distribution; tau represents the exponential component and characterizes the comparatively long RTs in the tail of the distribution. Unlike other methods of examining skew (or the number of long RTs within a RT distribution), which involve rank ordering RTs and dividing the distribution into separate bins, tau integrates information from all RTs in the distribution. Conventional measures of central tendency and variation can also be expressed as functions of ex-Gaussian parameters (Ratcliff, 1979) : the mean of the overall distribution is the sum of mu and tau (μ + τ ), and the overall variance is the sum of sigma squared and tau squared (σ 2 + τ 2 ). To date few studies have used ex-Gaussian analyses to examine the nature of RT variability in children with ADHD and none have used this method to investigate the RT distributions of children with dyslexia. Of the seven studies that have used this technique in the ADHD literature (Buzy, Medoff, & Schweitzer, 2009; Epstein et al., 2006 Epstein et al., , 2011 Geurts et al., 2008; Hevery et al., 2006; Leth-Steensen et al., 2000; Vaurio, Simmonds, & Mostofsky, 2009) , the majority have found that tau, which represents the exponential component or the positive skew in RT distributions (usually elevated in ADHD), is most sensitive to group differences. Leth-Steensen et al. (2000) found that of all the Ex-Gaussian parameters, tau discriminated best between children with and without ADHD on a four-choice RT task. However, on tasks requiring greater executive control (e.g. Continuous Performance Tasks, Go/No-Go tasks and working memory tasks), the RT distributions of children with ADHD have been found to be characterized by significantly larger values of both tau and sigma, reflecting increased variability throughout the RT distribution, compared to those of typically developing (TD) controls (Hervey et al., 2006; Vaurio et al., 2007; Buzy et al., 2009) . Hervey et al. (2006) also found that in comparison to controls, children with ADHD demonstrated significantly faster RTs in the normal part of their RT distributions (smaller values of mu) on the Connors' Continuous Performance test; perhaps reflecting their impulsive nature. Epstein et al. (2006) investigated the effect of stimulant medication on ADHD responding during a Continuous Performance Task and found that the effect of medication was largest on tau. Stimulant medication acted to slow down the responses of children with ADHD (evidenced by increased values of mu) and reduce the variability in their responses around the mean (evidenced by decreased values of sigma) while also reducing the number of extremely long responses within their RT distributions (evidenced by a reduction in the values of Tau) (Epstein et al., 2006) . More recently, Epstein et al. (2011) replicated the finding of increased RT variability, as measured by the ex-Gaussian indicator tau, in children with ADHD across a number of different tasks (including the Stop Signal task). In this study increased values of sigma were not related to ADHD group status. Instead sigma, along with the other ex-Gaussian parameters, was largely related to event rate manipulations (all three ex-Gaussian parameters (mu, sigma and tau) increased as the event rate or ISI (1 sec, 3 sec, or 5 sec) slowed). Geurts et al. (2008) also investigated RT variability in children with and without ADHD using a short (3 min) two-choice RT task however they did not find significant difference in sigma or tau between the groups. Both Geurts et al. (2008) and Vaurio et al. (2009) suggest that ADHD related variability may become more apparent on longer tasks (e.g., the tasks used by Epstein et al. (2011) , were each around 21 min long) or under conditions that require a higher degree of response control (e.g., on Go/No-Go or Stop Signal tasks compared to on a choice RT task).
Although RT variability is a consistent finding in the ADHD literature the cause of this phenomenon is unclear. Epstein, Hwang, Antonini, Langberg, Altaye, and Arnold (2010) found that in comparison to TD-controls, children with ADHD continued to have longer RTs to trials immediately following an omission error. They suggested that omission errors may be the initial sign of an attentional lapse and that the subsequent long RTs may indicate continued inattention or impaired error monitoring in children with ADHD. In line with this view a number of other researchers have suggested that the variability associated with ADHD, particularly the long RTs that contribute to large values of tau, may reflect impairments in attentional processes (Bellgrove, Hester, & Garavan, 2004; Hervey et al., 2006; Leth-Steensen et al., 2000) . Other possible explanations of the increased response variability in ADHD include deficient state regulation (Kunsti et al., 2001) , deficits in motor timing (Rubia et al., 2001) or impairments in the neural mechanisms involved in response preparation (Vaurio et al., 2009) .
This article presents a novel analysis of children's RTs to go-trials in a Stop Signal task using an ex-Gaussian model. The children in this study completed the Stop Signal task as part of a larger study investigating the cognitive profiles of children with ADHD symptoms and/or dyslexia and data pertaining to summary measures of SSRT, MRT, and SDRT for the four groups are presented in Gooch, Snowling, and Hulme (2011) . By conducting this more fine-grained analysis of the children's go-trial RT distributions we hope to determine the mechanisms underpinning the more variable responses on the Stop Signal task that have been found to be characteristic of children with symptoms of ADHD (Gooch et al., 2011 ; see also Alderson et al., 2007; Kunsti et al., 2001; Lijffijt et al., 2005; Oosterlaan et al., 1998) .
Given previous findings (e.g., Buzy et al., 2009; Epstein et al., 2006 Epstein et al., , 2011 Hervey et al., 2006; Leth-Steensen et al., 2000; Vaurio et al., 2009 ) it seems reasonable to predict that (1) the RT distributions of children with ADHD symptoms will be characterized by a larger proportion of very slow RTs (increased tau) than those of children without ADHD symptoms, perhaps resulting from fluctuations in attention, and that 2) the RT distributions of children with ADHD symptoms will show a larger spread of RTs (increased sigma) than those of children without ADHD symptoms, perhaps as the result of an impairment in the mechanisms involved in response preparation.
A further aim of this study was to investigate the impact of co-morbid dyslexia on the responding of children with ADHD symptoms during the Stop Signal paradigm and to consider what this can tell us about the co-morbidity between these two developmental disorders. The finding that children with dyslexia, like children with ADHD, have slow and more variable RTs on the Stop Signal task (e.g., Willcutt et al., 2005a) has been interpreted as support for the "shared aetiology" hypothesis (De Jong et al., 2006) . Alternatively, it has been proposed that co-morbid ADHD and dyslexia could be characterized by a unique "cognitive subtype" (Rucklidge & Tannock, 2002; see de Jong et al., 2006 for a discussion) in which cognitive deficits are different, or more severe, than those apparent in either ADHD or dyslexia alone. By exploring how the RT distributions of children with ADHD symptoms + dyslexia differ in comparison to children with either single disorder (ADHD symptoms-only and dyslexia-only) we hope to tests these alternative hypotheses.
METHOD
In the current study we examine the go-trial RT distributions from 97 children who completed the Stop Signal task as part of a larger test battery (see Gooch et al., 2011) .
Participants
Children with ADHD symptoms and/or dyslexia were recruited from a Child and Adolescent Mental Health Service (CAMHS) Department, the Centre for Reading and Language, Dyslexia Action and from schools in York, England. TD children were recruited from the same schools as the children with ADHD symptoms and dyslexia. Ethical clearance for this study was granted by the University of York, Department of Psychology, Ethics Committee and by the York, NHS Research Ethics Committee. Informed parental consent was obtained and the children completed consent forms prior to participating.
All children completed a screening assessment including the Matrices, Vocabulary, Word Reading and Spelling subtests from the British Abilities Scales-II (BAS II; Elliott, Smith, & McCulloch, 1996) and their parents and teachers were asked to complete an ADHD symptoms rating scale (e.g. Barkley & Murphy, 1998; Hulslander et al., 2004) . Parents concerned about their child's attention/behavior or reading skills were also asked to complete the Strengths and Difficulties Questionnaire (SDQ; Goodman, 2005) . Children were excluded if they obtained a below average non-verbal ability score (BAS II Matrices T score < 40). None of the participating children had known neurological or sensory impairments. Children were assigned to groups according to the criteria outlined below. Children who met criteria for both ADHD symptoms and dyslexia were assigned to the ADHD symptoms + dyslexia group. Participants who were receiving psychostimulant medication for ADHD (n = 9; methylphenidate in all cases) were asked to discontinue their medication at least 24 h prior to the research session.
Classification of ADHD symptoms. The rating scale used to measure ADHD symptoms in this study contained statements pertaining to each of the 18 Diagnostic and Statistical Manual of Mental Disorders (4th ed. [DSM-IV]; American Psychiatric Association, 2000) ADHD symptoms. Nine of the statements targeted symptoms of inattention (e.g. "Is good at sustaining attention on tasks or play activities") and nine targeted symptoms of hyperactivity/impulsivity (e.g., "Runs about or climbs excessively in situations in which it is inappropriate"). Respondents were asked to rate the child's behavior over the past 6 months on a four-point scale from 0 (false) to 3 (true) for each statement (this rating scale can be obtained from the authors). As in previous studies in which similar rating scales were used (e.g., Willcutt et al., 2005a) ratings of 2 or 3 were deemed clinically significant and thus scored as a positive symptom (scoring was reversed for positively worded items). Completed questionnaires were returned from both parents and teachers for 52 of the children, only teacher ratings were received for 39 of the children and only parent ratings were received for 10 of the children.
Internal reliability of the ADHD symptoms rating scale was high (Cronbach's alpha of .95 and .94 for parent and teacher ratings, respectively) and as with similar ADHD rating scales the correlations between parent and teacher ratings were moderate (overall ADHD symptom ratings correlated at r = .53, inattentive symptom ratings correlated at r = .39 and hyperactive-impulsive symptom ratings correlated at r = .66). Furthermore, there was a strong correlation (r = .78) between the total number of ADHD symptoms and the children's ratings on the SDQ hyperactivity subscale suggesting that these two scales measure similar constructs.
Children were classed as having ADHD symptoms if they had six or more symptoms in either the inattention or hyperactivity/impulsivity domain, or if they had more than six symptoms in both domains as rated by either their parent or teacher; 44 children met criteria for ADHD symptoms. The majority were rated as inattentive (n = 22) or as showing deficits in both domains (n = 20). Only two children were rated as having only hyperactive/impulsive symptoms and in the interest of obtaining a homogenous group of children with ADHD symptoms these children were excluded from the study. Of the children with ADHD symptoms, 15 had previously received a clinical diagnosis of ADHD combined-type, in the absence of any other co-morbid diagnosis, by an experienced multidisciplinary CAMHS team in York. The remaining 27 children were recruited on the basis of substantial parental/teacher concerns about their attention and behavior but did not have a clinical diagnosis. In Gooch et al. (2011) we report a comparison of the children with ADHD symptoms with and without a clinical diagnosis of ADHD, which shows that both groups performed within the average range for their age on measures of non-verbal IQ and they did not differ significantly in terms of age, verbal IQ, reading, or spelling scores. Furthermore, although children with a diagnosis of ADHD tended to be rated by parents as showing more symptoms of inattention and hyperactivity/impulsivity than children without a diagnosis, overall teacher ratings did not significantly differ between the groups and both groups were rated as having significantly more symptoms of ADHD than TD-controls.
Children with additional diagnoses of other behavioral disorders (e.g., Autism Spectrum Disorders, conduct disorder or oppositional defiant disorder), as reported by parents or clinicians in the CAMHS team, were not recruited to the study to rule out the possibility that such co-morbidities could account for the increased response variability associated with ADHD (e.g., Geurts et al., 2008) .
Classification of dyslexia.
Children who obtained standard scores of 85 or below (i.e., greater that 1 standard deviation from the mean) on either the BAS II Word Reading or the Spelling scales, were classified as having dyslexia (n = 42). Those with standard scores above 85 were considered to be normal readers (n = 59).
Sample characteristics. Four groups of children aged between 6 years and 14.75 years (mean = 10.33, SD = 2.17) completed the Stop Signal task: 17 with ADHD symptoms-only (6 female), 17 with dyslexia-only (5 female), 25 with ADHD symptoms + dyslexia (6 female) and 38 TD-controls (21 female). Children in the TD-control group performed within the normal range for their age on the BAS II Matrices, Word Reading and Spelling scales (standard scores greater than 85) and did not meet criteria for ADHD symptoms as rated by teachers or parents. Teachers also confirmed the absence of any difficulties with attention, behavior, or learning in these children.
From Table 1 it can be seen that the groups did not differ significantly in age or non-verbal ability (Matrices) but children with ADHD symptoms + dyslexia obtained lower Vocabulary scores than the other groups. As expected, children with ADHD symptoms (ADHD symptoms-only and ADHD symptoms + dyslexia) were rated by both teachers and parents as having more symptoms of ADHD than children without ADHD symptoms (dyslexia-only and TD-controls). In addition, children with dyslexia (dyslexia-only and ADHD symptoms + dyslexia) had lower reading and spelling scores than children without dyslexia (ADHD symptoms-only and TD-controls). Importantly, the percentage of children with predominantly inattentive symptoms was similar across the groups (53% in the ADHD symptoms-only group and 52% in the ADHD symptoms + dyslexia group) and children with ADHD symptoms + dyslexia did not exhibit more symptoms of ADHD than the ADHD symptoms-only group or more severe reading difficulties than children with dyslexia-only. Thus the co-occurrence of ADHD symptoms and dyslexia was not confounded with ADHD subtype or severity.
Procedure
Behavioral inhibition was assessed using a computerized Stop Signal task, which was adapted for use with children from that described by Logan et al. (1997) by reducing the number of experimental trials and increasing the time allowed for responding. The primary go-task was a visual choice RT task; a 500 msec central fixation point was followed by the presentation of either the letter x or o for 2,000 msec. On 25% of the trials a stop-signal (100 msec, 1000Hz auditory tone) was presented shortly after the x or o appeared on the screen informing the participant that they must inhibit their response to the go-task on that trial (stop-task). The children were instructed to press the letter on the keyboard corresponding to the letter on the screen as quickly as possible but to try to stop their response if they heard the stop-signal. The delay between the presentation of the visual stimulus and the onset of the stop-signal (stop-signal delay; SSD) was initially set to 250 msec and was adjusted up or down in 50 msec increments depending on the accuracy of the child's response (Logan et al., 1997) . This procedure converged on the SSD at which the child failed to inhibit on 50% of the trials. After completing two blocks of practice trials (24 go-task trials followed by the random presentation of 18 goand 6 stop-trials) with feedback on accuracy and speed, the children completed three blocks of trials each comprising 30 go-task trials interspersed with 10 stop-task trials. On each trial RT and response accuracy were recorded.
Data Screening
Four children (1 child with ADHD symptoms + dyslexia and 3 TD-controls) obtained fewer than 66% correct responses on the Stop Signal task go-trials suggesting that they were not fully engaged in the task. Thus, in line with other studies using the Stop Signal task (e.g., Schachar, Mota, Logan, Tannock, & Klim, 2000) the data from these participants were removed from further analyses. The mean probability of successfully inhibiting on a stop-trial was around .50 for all four groups as intended (ADHD symptoms-only = .53; dyslexia-only = .54; ADHD symptoms + dyslexia = .51; TD-controls = .54). These data confirm that the Stop Signal task tracking algorithm succeeded in converging on a delay that allowed participants to inhibit responses roughly half of the time. Furthermore, none of the remaining children showed extremely low (<.10) or extremely high (>.90) probabilities of responding on the stop-task trials. Extremely high probabilities of responding on a stop-trial indicate that children may not have been attempting to inhibit whereas as extremely low probabilities of responding indicate that the child may have been waiting for the stop-signal.
Only RTs from correct go-trials were included in the ex-Gaussian analysis; since the overall error rates were low (<10%) very few trials were excluded from the analysis. Additionally, given the non decision portion of simple RT is approximately 100 msec (Luce, 1986) , all RTs of less than 100 msec (0.11% of the total trials) were discarded as anticipatory errors. Some studies also remove outlying RTs that fall several standard deviations above the mean for each group (e.g., Williams, Strauss, Hultsch, Hunter, & Tannock, 2007; cf. Epstein et al., 2011; Hervey et al., 2006; Vaurio et al., 2009) . However, given that we are in interested in whether the increased variability in ADHD is related to an increased number of very long RTs within these children's RT distribution, RTs at the high end of the distribution were not trimmed; trimming outlying RTs is also discouraged by Ulrich and Miller (1994) .
Data Treatment
Estimates of the three ex-Gaussian parameters (mu and sigma, which represent the mean and standard deviation of the Gaussian component of the distribution, and tau, which represents the exponential component and characterizes the comparatively long RTs in the tail of the distribution) were obtained for each child by fitting an ex-Gaussian distribution to their set of correct Stop Signal task go-trial RTs using Quantile Maximum Probability Estimator (QMPE) v2.18 software; an open-source ANSI Fortran 90 code for response time distribution estimation (Heathcote, Brown, & Mewhort, 2002) . QMPE employs an iterative search routine that provides quantile maximum likelihood estimates for each of the ex-Gaussian parameters (see Heathcote, Brown, & Cousineau, 2004 for details). The number of RT observations used for each ex-Gaussian fit depended on the accuracy of responding (range 61-90).
Ex-Gaussian Fits
To assess the goodness-of-fit of the ex-Gaussian models to the corresponding empirical distribution for each child, the data from each child's RT distribution were divided into equal frequency bins using the formula 2n 2/5 where n is the number of go-trials in each child's distribution (this ranged from 61 to 90). This formula is the one recommended by Heathcote (1996) and is a heuristic suggested by D'Angostino and Stephens (1986, p. 70) . A chi-square statistic was then calculated by comparing the observed and expected number of RTs within each of the RT bins. If either the observed or expected values were less than five in any one bin, this bin was combined with the following bin to ensure that the assumptions of the chi-square test were not violated. The ex-Gaussian curve was also plotted on a histogram of the data for each individual to allow for visual inspection of the goodness of fit.
Altogether ex-Gaussian models were fitted to the RT data from 17 children with ADHD symptoms-only, 17 children with dyslexia-only, 24 children with ADHD symptoms + dyslexia and 35 TD-controls. Of these, the ex-Gaussian model fits for the RT data from 2 children with ADHD symptoms-only, 4 children with dyslexia-only, 3 children with ADHD symptoms + dyslexia, and 4 TD-controls were associated with significant chi-square values at the α = .05 level. Although this suggests that the ex-Gaussian model does not adequately characterize these distributions, following Leth-Steensen et al. (2000) , it is reasonable to assume that these fits still provide important information regarding the shapes of these distributions. Therefore, the ex-Gaussian parameters for each of these cases were retained in subsequent analyses (the types of RT distributions associated with these cases are illustrated in the Appendix). The removal of these 13 participants does not alter the overall pattern of results. The main effect of ADHD symptoms on sigma remains significant (F = 5.42, p < .05, η p 2 = .07); none of the other main effects of ADHD symptoms or dyslexia on mu, sigma, or tau reach significance and there are no significant interactions.
For three empirical distributions (1 child with ADHD symptoms + dyslexia and 2 TDcontrols) sigma was estimated to be close to zero suggesting that the ex-Gaussian models were a very poor fit to these RT distributions. Furthermore, because the sigma values were so small chi-square could not be calculated. The ex-Gaussian parameter estimates for these three individuals were therefore not analyzed further (the RT distributions for these cases are shown in the Appendix).
RESULTS

Group Differences in Ex-Gaussian Parameters
The means and standard deviations for the four groups for each of the ex-Gaussian parameters are shown in Table 2 , together with the results from 2 × 2 (ADHD symptoms × dyslexia) factorial ANOVAs. 
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GOOCH, SNOWLING, HULME For mu (the mean of the Gaussian component of the distribution) it is clear that each of the clinical groups show slightly higher values than the TD-controls however the effect sizes for comparisons between children with and without ADHD symptoms and with and without dyslexia are small (Cohen's d = .23 and .02, respectively).
For sigma (the standard deviation of the Gaussian component) the difference between children with and without ADHD symptoms shows a moderate effect size (d = .47) whereas the effect size for comparisons of children with and without dyslexia is very small (d = .09). Children with ADHD symptoms show reliably larger values of sigma than children without ADHD symptoms.
For tau (the exponential component characterizing the comparatively long RTs in the tail of the distribution) there is weak non-significant trend for children with ADHD symptoms to have larger values than those without ADHD symptoms (but again this effect is very small d = .18). Tau is virtually identical in the TD-controls and dyslexia-only groups and the difference between children with and without dyslexia is very small (d = .09).
None of the planned comparisons comparing the co-morbid group (ADHD symptoms + dyslexia) to each of the separate clinical groups (ADHD symptoms-only, or dyslexia-only) were significant (all ts < 1).
Group Response Time Distributions
To illustrate the differences in the RT distributions between the groups, group response time distributions were derived using the Vincent averaging technique recommended by Ratcliff (1979;  see also Heathcote, 1996 and Van Zandt, 2000) . This involved dividing the RT distribution for each participant into quantiles (13 quantiles were used in this case) and averaging the corresponding quantiles across the participants in each group. These 13 quantiles were used to form 12 intervals each of which contained equal proportions of the RT data (1/13 in this case). The ex-Gaussian was fitted to these averaged quantiles since they formed a representative sample from the average RT distribution (Heathcote, 1996) . The group RT distributions are displayed as Vincent histograms in Figure 2 . The Vincent histogram bars are all of an equal area. This area represents the probability of participants within the group responding with a RT that falls within the time interval specified by the width of the bar. The solid curves in Figure 2 represent the ex-Gaussian fits for each of the group RT distributions. Chi-square was calculated for each of the four groups, by comparing the group's average number of observed and expected RTs within each quantile. None of the corresponding chi-squared goodness of fit tests were significant suggesting that the ex-Gaussian model fitted the Vincentized data from each group well. The histograms in Figure 2 illustrate that the RT distributions of the groups with ADHD symptoms-only and ADHD symptoms + dyslexia show greater variability than the RT distributions of the dyslexia-only and TD-control groups.
DISCUSSION
This study assessed the RT distributions derived from performance on go-trials within a Stop Signal task for children with ADHD symptoms and/or dyslexia, in comparison to TD-controls. The study aimed to determine the source of increased intra-individual variability among children with ADHD symptoms (Gooch et al., 2011 ; see also Alderson et al., 2007; Lijffijt et al., 2005;  ADHD symptoms + dyslexia FIGURE 2 Probability density histograms for the distributions of correct RTs Vincent averaged over the participants in each group. For each of the probability density histograms, the ex-Gaussian distribution for the group is shown (solid line).
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GOOCH, SNOWLING, HULME Oosterlaan et al., 1998) during the Stop Signal task and to investigate the affect of co-morbid dyslexia on the responding of children with ADHD symptoms. The absence of any difference in mu (the mean of the Gaussian component of the distribution) between children with and without ADHD symptoms suggests that the differences in RTs between these groups do not reflect a generalized slowing of all responses in children with symptoms of ADHD (see also Leth-Steensen et al., 2000) . Instead, the results show that children with symptoms of ADHD have increased variability in RTs around the mean in the Gaussian part of the distribution (signified by a larger value of sigma); this pattern was particularly evident in the ADHD symptoms-only group in the current study. Furthermore, the increased variability in responding associated with ADHD symptoms did not appear to reflect an increased number of abnormally slow RTs within these children's distributions; such a pattern would have been signified by a larger value of tau (the exponential component of the distribution). The RT distributions of children with and without dyslexia did not differ in any of the three ex-Gaussian parameters; indeed the RT distributions of children with dyslexia-only and TD-controls were very similar.
The differences in patterns of RT distributions between children with ADHD symptoms (greater variability around the mean of the Gaussian distribution) and children with dyslexia (RT distributions that do not differ from TD-controls) provides further evidence that these two disorders arise from different underlying cognitive mechanisms (see Gooch et al., 2011) . Recently it has been suggested that the co-morbidity between ADHD and dyslexia may result from a shared deficit in processing speed (McGrath, Pennington, Shanahan, Santerre-Lemmon, Barnard, & Willcutt, 2011; Shanahan et al., 2006) . Given our finding (and that of Bonifacci & Snowling, 2008 ) that children with dyslexia perform similarly to TD-controls on a basic measure of choice RT further research is clearly necessary to establish the nature and extent of any putative processing speed deficit in dyslexia. It is possible, for example, that a speed of processing deficit might only be found in dyslexic children on tasks requiring speeded access to verbal information while in contrast attentional fluctuations in ADHD lead to processing speed deficits across a much wider variety of tasks. Such a pattern would, in turn, help to clarify the seemingly distinct cognitive impairments that underlie these two disorders.
To date only a few studies have used ex-Gaussian analyses to describe the RT distributions of children with attention difficulties at a fine-grained level. Leth-Steensen et al. (2000) found that the RT distributions of children with ADHD on a choice RT task were characterized by a larger number of abnormally slow RTs signified by larger values of tau; a finding that has been replicated by Vaurio et al. (2009) and Hervey et al. (2006) using RTs from a Go/No-Go task and more recently by Epstein et al. (2011) using a number of different tasks. Leth-Steensen et al. (2000) suggested that larger values of tau may reflect inconsistent effort and fluctuations in attention. In the present study, although there was a weak trend for ADHD symptoms to be associated with larger values of tau, differences between the groups were small.
There are a number of differences between the current study and the previous studies that may account for the failure to replicate the finding that ADHD RTs distributions are often characterized by increased tau (e.g. Epstein et al., 2011; Hervey et al., 2006; Leth-Steensen et al., 2000; Vaurio et al., 2009) . First, the lack of a full clinical diagnostic assessment of ADHD is a limitation in this study and may restrict the generalisability of our results to other ADHD samples. However, Geurts et al. (2008) also failed to replicate the effect of ADHD on tau despite using rigorous diagnostic criteria. Second, the Stop Signal task used in the current study is considerably shorter (∼7 min) than the tasks used in other studies examining RT distribution using ex-Gaussian parameters in ADHD (e.g., Epstein et al., 2011; Hervey et al., 2006) and thus RTs may not have been influenced by attentional lapses to the same extent as in longer tasks (Johnson et al., 2007) . Consistent with this hypothesis the task used by Geurts et al. (2008) was also short in duration (∼3 min) and the authors argue that this is likely to have contributed to the absence of an effect of ADHD on tau. Finally, our Stop Signal task had a longer ISI (∼2 sec) than is typically used in this paradigm (e.g., Logan et al., 1997; Alderson et al., 2008) to ensure the children had sufficient time in which to make their response. However, Epstein et al.'s (2011) findings suggest that event rate manipulations do not differentially affect children with ADHD compared to TDcontrols and that longer ISIs result in slower responding (larger mu) and increased variability (larger sigma and tau) in both groups.
Our finding suggests that it is unlikely that the RT variability associated with ADHD on the Stop Signal task simply reflects fluctuations in effort and/or attention. Rather, in the current study the RT distributions of children with ADHD symptoms were characterized by increased sigma (standard deviation of the Gaussian component) reflecting increased variability throughout the distribution. In an analysis of RTs from Go/No-Go tasks Vaurio et al. (2009) and Hervey et al. (2006) also found that the RT distributions of children with ADHD were characterized by increased values of sigma; Hervey et al. (2006) also found significant group differences in mu reflecting the fact that children with ADHD made more very fast responses than TD children. Importantly, like the Stop Signal task used in the current study, Go/No-Go tasks contain a behavioral control/inhibition component. It follows that impairment in task readiness or response preparation could affect performance on such tasks and this would be reflected in increased variability throughout the task (Vaurio et al., 2009) . The trial-to-trial variability characteristic of children with ADHD on tasks that lack an element of inhibitory control (e.g., the simple RT task used by Leth-Steensen) or on very long tasks that challenge the attentional resources of children with ADHD (e.g., those used by Epstein et al., 2011) , may on the other hand, result from an increased number of long RTs posited to reflect fluctuations in effort and/or attention (LethSteensen et al., 2000) . Given the inconstancy in research findings the effect of task type and task length on ex-Gaussian components of the RT distributions of children with ADHD deserves further investigation.
In the light of our findings, we propose that a probable explanation of the increased sigma associated with the go-trial RTs of children with symptoms of ADHD may relate to the response preparation/motor timing demands of the Stop Signal task. Liddle et al. (2009) suggest that in the Stop Signal task, it is vital to exert inhibitory control over go-trial RTs in order to moderate responses so they fall within a narrow time window (i.e., during the Stop Signal task RTs are slowed (e.g., McGarry & Franks, 1997) just enough to increase the chance of inhibitory success while still remaining fast enough to respond before the end of the trial). Furthermore, children will need to adapt their responses to account for the dynamically changing SSD. If this hypothesis is correct, the increased sigma evident in the RT distributions of children with ADHD symptoms in the current study could reflect a difficulty calibrating response times to a given time window to optimize the timing of responses. This explanation is consistent with findings that individuals with ADHD have deficits on tasks that require precise motor timing (e.g., finger tapping) and/or the accurate perception of durations (e.g., time reproduction and duration discrimination tasks; see Toplak, Dockstader, & Tannock, 2006) . Indeed it has been suggested that impairments in perceptual and/or motor timing processes are an endophenotype of ADHD that may underpin the intra-individual variability characteristic of the disorder (Castellanos & Tannock, 2002; Rommelse et al., 2008) . Further research is needed to understand more fully the relationship between intra-individual variability and timing in ADHD, especially in the light of the fact that our understanding of the cognitive processes that underpin the ex-Gaussian parameters is limited (Matzke & Wagenmaker, 2009) .
Finally, we found that the RT distributions of children with dyslexia-only and TD-controls were similar. This contradicts work by Willcutt et al. (2005a) who found that slow and variable responses on a Stop Signal task were characteristic of children with reading disability, in comparison to age-matched controls. The current sample differs from that of Willcutt et al. (2005a) in two ways. First, the children with dyslexia-only in the present sample did not differ from the TD-controls on measures of verbal or non-verbal IQ. Second, dyslexia classification was based on reading and spelling accuracy whereas a composite score that included reading comprehension as well as measures of reading accuracy and spelling was used in the study by Willcutt et al. (2005a) . Our finding is in line with Bonifacci and Snowling (2008) who reported that children with dyslexia obtained similar RTs to IQ matched TD-controls. Furthermore, the results of the current study suggest that the increased sigma characteristic of the RT distributions of children with ADHD symptoms cannot be attributed to co-morbid dyslexia.
The results of this study provide support for the hypothesis that increased variability in response times is a fundamental marker ADHD (e.g., Castellanos & Tannock, 2002; Sergeant, Oosterlaan, & Van der Meere, 1999 ; see Barkley, 2006; Rapport, Chung, Shore, & Isaacs, 2001 for reviews). It has been proposed that the differences in response variability between children with and without ADHD may result from slower cognitive processing (Kalff et al., 2005) , slower motor speed (Van Meel, Oosterlaan, Heslenfeld, & Sergeant, 2005) , deficient cognitive energetic resources (Sergeant et al., 1999) , lack of consistent effort (Oosterlaan & Sergeant, 1996) or deficient attentional processes (Lijffijt et al., 2005) . The current study suggests that the cause of the RT variability characteristic of children with ADHD is likely to vary depending on the cognitive demands and length of tasks. The increased variability associated with ADHD symptoms in the current study (increased sigma) could reflect deficits in perceptual and/or motor timing processes (Castellanos & Tannock, 2002; Rommelse et al., 2008) , which lead to impairments in the mechanisms involved in response preparation (Vaurio et al., 2009) or a difficulty learning to optimize the timing of responses (Liddle et al., 2009) 
Note.
Figures A, B and C are graphical illustrations of the distributions of data that did not conform exactly to the exGaussian and are probably better described by another model (e.g., some are more normally distributed and some are more exponential in nature). It can be seen by inspecting these graphs that the model (line) still resembles the underlying data relatively well and thus it is reasonable to assume that these fits and corresponding ex-Gaussian parameters still provide important information regarding the shapes of these distributions. Using Quantile Maximum Probability Estimator (QMPE) sigma values were calculated to be near 0 suggesting that the ex-Gaussian model was a very poor fit to these distributions; Chi Square could not be calculated to test the fit of these distributions to the raw data. To be able to display the ex-Gaussian distributions for each of these distributions on the graphs below we have set sigma to 0.01 (solid line).
